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The main premise of the Nursing Minimum Data Set
(NMDS) is that nursing data should be included in
the hospital discharge abstract. Yet to date, little
empirical evidence has been published to measure
the efficacy or usefulness of these nursing data
elements. We report the results of a comparison
between a daily collection of nursing assessments
using nursing diagnoses (NDX) to the Diagnostic
Related Group (DRG) and the All Payer Refined
DRG (APR-DRG) in their ability to predict three
common outcome variables: hospital days, ICU day,
and total charges. A secondary data analysis was
performedfrom a large existing data set offour years
patient data from a Midwest University hospital.
Findings: NDX is significantly associated with
hospital length ofstay, ICU length of stay, and total
charges. NDX also improves explanatory power
when added to models with DRG or APR-DRG. This
suggests that nursing data compliments existing data
and is not redundant with the DRG or APR-DRG.
The findings also suggest that NDX explains a
different portion ofthe variance ofthe three outcome
variables in this series. The results of this study
support the argument that nursing data should be
included in the hospital discharge abstract.
INTRODUCTION
One of the central concepts within Nursing
Informatics is the Nursing Minimum Data Set
(NMDS) proposed by Werley and Lang in the early
1980's [1]. The NMDS recommends that the
following data collected by nurses should be included
in the standardized hospital discharge abstract:
nursing diagnoses; nursing interventions; nursing
outcomes; and nursing intensity. Despite the wide
acceptance of the NMDS within nursing informatics,
there has been sparse empirical testing of the concept
to date. We present results from a study of one
element of the NMDS, nursing diagnoses (NDX),
and compare this to existing data in the discharge
abstract, the DRG and APR-DRG.
The main assumption of the NMDS is that nurses
provide resources to meet patient needs. Need can be
defined as patient problems that are the focus of
nursing care and nursing interventions are the
resources that are expended to reach a certain goal or
outcome. A unique language to describe these
processes has evolved [2,3] and provides a basis for
collecting data surrounding the processes of nursing
care. One of the primary code sets for describing
patient problems are nursing diagnoses. Nursing
diagnoses are incorporated into most modem text of
nursing and therefore are a core component of the
nursing knowledgebase.
A traditional use of data in the hospital discharge
abstract is for evaluating quality of care and assessing
patient outcomes across acute care settings. The
primary independent variable is physician diagnoses,
expressed as codes, for example, the International
Classification of Diseases (ICD9-CM) or Diagnostic
Related Group (DRG). A number of studies have
demonstrated significant associations between
physician diagnoses and hospital outcome variables
such as death, length of stay and charges. The
consistent finding of most of these studies is that
physician diagnoses expressed as either a DRG or
enhanced with additional data is a relatively weak
explanatory variable for hospital outcomes [4-6].
Several researchers have collected new data unrelated
to data in the hospital discharge abstract in an attempt
to improve explanatory power such as key clinical
findings [7,8], physiologic stability [9,10], or
functional status [11,12]. Unfortunately these new
data are either labor intensive, costly to collect, or
restricted to a narrow range of patients.
One source of data essentially neglected by health
services researchers and policy makers is the data
collected by nurses. Two previous studies have
reported significant associations between a daily
collection of nursing diagnoses and selected patient
outcomes of discharge to a nursing home and urinary
incontinence. [13,14]. A more comprehensive test of
nursing diagnoses compared to existing data in the
discharge abstract has merit. Such research
contributes to our understanding of the link between
nursing process and patient outcome independent of
physician care. The traditional assumption that
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physician diagnoses wholly explain the patient
condition or patient outcome is challenged.
A method for comparing nursing diagnoses and
physician diagnoses is to evaluate the predictive
capability, measured as explained variance or R2, of
each across several commonly studied outcome
variables. The DRG is available in all hospital
discharge abstracts and therefore is a defacto gold
standard. The APR-DRG is modified version of the
DRG that addresses previous weaknesses of the DRG
primarily of low explained variance and inability to
code non Medicare patients [6]. The APR-DRG
represents the highest refinement of the DRG
currently available. A statistical model is constructed
for each independent variable alone - DRG, APR-
DRG, NDX and for NDX combined with models
containing the DRG or APR-DRG. A statistical
model that has a higher R2 for the combined NDX +
DRG or NDX + APR-DRG models suggests that:
1. NDX improves the explanatory power of the
models over DRG or APR-DRG alone and is not
totally redundant with either and,
2. NDX is explaining a different portion of the
variance in the dependent variable than the DRG
or APR-DRG alone.
METHOD
A secondary data analysis was performed on a large
data set from a Midwestern University Hospital. This
data set contains daily ratings by nurses indicating
the presence of up to 61 nursing diagnoses. The data
were collected using bar code readers. We selected
all adult, nonpsychiatric patients in the series
(n=75,765). To allow comparison of the daily
collection of nursing diagnoses to the DRG and APR-
DRG which are assigned at discharge, the daily
observations were collapsed as means onto the record
for each patient admission. This is calculated as the
sum of each indicated NDX divided by the total
number of observations. For example, if the NDX of
pain was present for 5 out of 10 observations the
summary NDX variable placed into the discharge
record would be expressed as .500 or an occurrence
of 50% of the observations. Only one daily set of
NDX were used and overall, 72% of all patient days
had NDX assessments completed.
Data were available from 1986 to 1989. The
discharge abstract included patient demographic
information, DRG, total charges, hospital length of
stay, intensive care (ICU) length of stay and
discharge disposition. The APR-DRG was calculated
from software provided by 3M Corporation [6] and
used the existing primary and secondary ICD9 codes.
The data set was randomly divided in half into a
development and validation set using the method
described by Daley and Shwartz [15]. This method
controls for overfitting the statistical models [16].
The intercept and beta weights from the development
data set were used to construct scores for the
validation data set. If the original model is a good fit,
we expect to see a small increase in mean square
error (MSE) and slight decrease in W2. Data were
analyzed in SAS version 7.0 on a UNIX computer.
Multivariate regression models were constructed
using the GLM procedure to test the hypothesis that
nursing diagnoses significantly predicts patient
outcome and increases the explanatory power over a
single variable model of DRG or APR-DRG. The
three outcome variables tested are: hospital length of
stay, intensive care length of stay, and total hospital
charges.
RESULTS
Table I summarizes the results for the comparison of
independent variables to the dependent variable of
total hospital days. Tables 2 and 3 summarize
comparisons of variables for total ICU days and total
charges.
One additional comparison between models is
presented as improvement in explanatory power
using results from the development data set. This is
defined as R2 of the comparison model divided by R2
of the base model minus 1, for example for total
hospital days, the model with NDX + DRG compared
to DRG alone is:
3298/.2597 - 1 = .269 or 26.9% improvement.
Imnrovement
DRG + NDX vs. DRG: 26.9%
NDX + APR-DRG vs. APR-DRG: 79.4%
Total ICU days:
DRG + NDX vs. DRG:




DRG + NDX vs. DRG: 13.9%




In each of the three models, nursing diagnoses both
significantly explain the three dependent variables
and improves explanatory power in all but one model
when combined with the DRG or APR-DRG. Since
R2 improves with the addition of NDX, this suggests
that the nursing data is explaining a different portion
of the variance of the dependent variable than DRG
or APR-DRG alone [15]. NDX is an independent
predictor variable and an enhancement to the DRG
and APR-DRG. NDX is not redundant to the DRG or
APR-DRG.
A main tenet of the NMDS is that nursing data adds
to our understanding of patient care. The results of
this study support this notion to the degree that
nursing diagnoses are one element of the NMDS. In
these series of data, the problems of care described
by nurses (NDX) are descriptive of the patient
condition and this condition is a basis for action. The
labels that nurses use to identify processes of care,
namely nursing diagnoses, are linked to patient
outcome. The findings of this study provide
empirical evidence for that relationship.
CONCLUSION
The findings of this study demonstrate that nursing
diagnoses are an independent predictor of patient
outcome and may help illuminate the contribution of
nurses to patient care. The findings refute the
traditional assumption that the DRG or APR-DRG,
based on physician diagnoses, wholly explains
patient outcomes of hospitalization.
The findings of this study also suggest that the
explanatory power of existing data in the discharge
abstract such as the DRG or APR-DRG can be
enhanced by including data about the problems of
care addressed by nurses. These problems are not
exclusive to nurses and a multidisciplinary approach
to collecting such data is advocated.
Further study is warranted. Because the source data
for this study is over a decade old, no generalizations
to the current time frame can be made. We will
proceed to replicate this study using contemporary
code sets and multiple settings.
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